In this paper, SLAM systems are introduced using monocular and stereo visual sensors. The SLAM solutions are implemented in both indoor and outdoor. The SLAM samples have been taken in different modes, such as a straight line that enables us to measure the drift, in addition to the loop sample that is used to test the loop closure and its corresponding trajectory deformation. In order to verify the trajectory scale, a baseline method has been used. In addition, a ground truth has been captured for both indoor and outdoor samples to measure the biases and drifts caused by the SLAM solution. Both monocular and stereo SLAM data have been captured with the same visual sensors which in the stereo situation had a baseline of 20.00 cm. It has been shown that, the stereo SLAM localization results are 75% higher precision than the monocular SLAM solution. In addition, the indoor results of the monocular SLAM are more precise than the outdoor. However, the outdoor results of the stereo SLAM are more precise than the indoor results by 30%, which is a result of the small stereo baseline cameras. In the vertical SLAM localization component, the stereo SLAM generally shows 60% higher precision than the monocular SLAM results. 52 Positioning research to solve the SLAM problem using several methods of computations. The great majority of work has focused on improving computational efficiency while ensuring consistent and accurate estimates for the map and vehicle pose.
Introduction
Simultaneous localization and mapping (SLAM) is the procedure of building the map of the surrounding environment of a vehicle/rover and uses the computed map to determine the vehicle/rover location. In the past decade there was active (monocular) [10] - [17] , or two visual sensors separated by a baseline (stereo), or more than two sensor with a setup with a scene overlap that eventually covers same target to complete the views and eliminate the blind spots [18] [19] [20] [21] . In this research, both monocular and stereo systems have been used to provide a visual-based SLAM solution. In addition, a visual-depth based SLAM is presented using stereo depth sensors along with a visual monocular sensor [7] [8] [9] .
In this paper, SLAM system is introduced using monocular, and Stereo visual sensors. SLAM solutions are implemented in both indoor and outdoor using extended Kalman filter. The SLAM samples have been taken in different modes such as a straight line that enable us to measure the drift in addition to the loop sample that is used to test the closure and its corresponding trajectory deformation. In order to verify the trajectory scale, a baseline method has been used. In addition, a ground truth has been captured for all the samples indoor and outdoor to measure the biases and drifts caused by the SLAM solution. Both monocular and stereo SLAM data have been captured with the same visual sensors which in the stereo situation had a baseline of 20.00 cm. It has been shown that, the stereo SLAM localization results are 75% higher precision than the monocular SLAM solution. In addition, the indoor results of the monocular SLAM are more precise than the outdoor. However, the outdoor results of the stereo SLAM are more precise than the indoor results by 30%, which a result of the small stereo baseline cameras. In the vertical SLAM localization component, the stereo SLAM generally shows 60% higher precision than the monocular slam results.
Slam Related Work
The state-based formulation of the SLAM includes the computation of a joint state made up of a vehicle/rover pose and the locations of captured landmarks.
This problem formulation has a unique structure; the process model only affects vehicle/rover pose states while the observation model only makes reference to a single vehicle-landmark pair. A large range of strategies have been developed to take advantage of this special structure in limiting the computational complexity of the SLAM algorithm. There are two categorize of the SLAM techniques that aims for improving the computational efficiency namely; optimal or conservative solutions. The optimal solutions target to reduce required computation and resulting in computations and covariances for the full-form SLAM algorithm.
While the conservative algorithms result in estimates that have larger uncertainty or covariance than the optimal result. Usually, conservative algorithms are less accurate but more computational efficiency, therefore, of value in real im- 
Visual-Based Slam
The accurate reconstruction of the captured scene from sets of ordered images has a long history in aerial [24] and close-range photogrammetry [25] . Usually, the object and reconstruction setup are well defined and the scene observations 
Stereo Slam
Paz et al. [5] was the early stereo SLAM solution based on EKF-SLAM that was able to operate in larger environments than other approaches at that time. Most importantly, it was the first stereo SLAM exploiting both close and far points using an inverse depth parametrization [6] for the latter. They empirically showed that points can be reliably triangulated if their depth is less than 40 times the stereo baseline. Most modern stereo SLAM systems are keyframe-based [7] and perform BA optimization in a local area to achieve capability. The work of Strasdat et al. [8] performs a joint optimization of BA (point-pose constraints) in an inner window of keyframes and pose-graph (pose-pose constraints) in an outer window. By limiting the size of these windows, the method achieves constant time complexity, at the expense of not guaranteeing global consistency.
The SLAM of Mei et al. [9] uses a relative representation of landmarks and poses and performs relative BA in an active area which can be constrained for constant time. This SLAM solution is able to close loops which allow expanding active Similar to these approaches' BA is performed in a local set of keyframes so that the complexity is independent of the map size and can be operated in large environments. When closing a loop, the system aligns first both sides, similar to the SLAM solution in [9] , so that the tracking is able to continue localizing using the old map and then performs a pose-graph optimization that minimizes the drift accumulated in the loop, followed by full BA. The recent Stereo LSD-SLAM of Engel et al. [11] is a semi-dense direct approach that minimizes photometric error in image regions with high gradient. Not relying on features, the method is expected to be more robust to motion blur or poorly textured environments.
Methodology
At the time the vehicle/rover moving the SLAM build a map of the surrounding environment and at the same time use this map to estimate its location with respect the landmarks. In SLAM both the trajectory of the vehicle/rover and the location of all landmarks are estimated without the need for any a priori knowledge of location. Figure 1 shows the SLAM process in which the rover is moving in a specific environment and capture a set of landmarks, which is used to estimate the rover's location. , , , n m m m m =  and the set of landmark observations can described as . Therefore, the state transition is assumed to be a Markov process in which the next state k x is independent of both the observations and the map, and depends only on the immediately proceeding state 1 k
x − and the applied control k u [30] .
The SLAM algorithm is currently implemented in a standard two-step recursive (sequential) prediction (time-update) as shown in Equation (1) and correction (measurement-update) form as shown in Equation (2) ( ) ( ) ( ) 0: 1 0: 0
Equations (1) and (2) 
Extended Kalman Filter Slam (EKF-SLAM)
In estimation theory, the extended Kalman filter (EKF) is the nonlinear version of the Kalman filter which linearizes about an estimate of the current mean and (3) and (4) [28] [29] .
where f models vehicle kinematics and where k w are additive, zero mean uncorrelated Gaussian motion disturbances with covariance k Q . (5) and (6) with time-update in Equations (7) and (8) [29] .
where f ∇ is the Jacobina matrix of f evaluated at the estimate 1| 1k k x − − . As the landmark are stationary, there will be no need for the time update. In addition, Equations (12) and (13) describe the observation update model [29] [30] [31] .
( ) ( )
where h ∇ is the Jacobian of h evaluated at | 1k k x − and 1 k m − . The loop-closure, when a vehicle/roverreturns to re-observe landmarks after a large traverse, is especially difficult. The association problem is compounded in environments where landmarks are not simple points and indeed look different from different viewpoints. EKF-SLAM employs linearized models of non-linear motion and observation models and so inherits many cautions. Non-linearity can be a significant problem in EKF-SLAM and leads to expected, and sometimes dramatic, inconsistency in solutions [24] . Convergence and consistency can only be guaranteed in the linear case [28] - [33] .
Results and Discussions
All SLAM systems introduced in this paper have been implemented in different Figure   2 shows the results of the monocular loop SLAM solution in indoor environment. The trajectory and the surrounding captured environment for the indoor loop with closure and without closure are shown in Figure 2 .
The results shown in Figure 2 show that the monocular SLAM solution has a drift that cause non closure loop as shown in Figure 1 Figure 3(b) . In order to adjust the monocular scale drift, a well-known object has been used to be used as reference to adjust the scale along the trajectory. This procedure produces an initialization drift because the camera will be targeted to the ground before the vehicle/rover start to move along the trajectory. After few seconds the camera will be rotated to face the moving direction of the trajectory. In order to produce a precise mapping solution, this procedure requires a post processing correction. The second sample for the indoor monocular SLAM solution was a straight line. Figure 4 shows the results for the indoor monocular straight-line SLAM trajectory and surrounding environment (Figure 4(b) and Figure 4(c) ) and the ground truth (Figure 4(a) ) which extends to 118.90 m. Figure   5 (a) and Figure 5(b) , respectively. In case of stereo SLAM without loop closure, the loop SLAM solution didn't close itself due to accumulated drift the however this drift is less than the monocular SLAM situation. Figure 5(a) shows the stereo SLAM loop with closure constraints. Figure 6 shows a comparison between the indoor loop stereo SLAM trajectories without closure and with closure with the indoor loop ground truth. The drift caused by the stereo SLAM solution is less than the drift monocular SLAM as shown in Figure 6 . In addition, the loop closure deformation effect is less than the deformation generated by the monocular SLAM as the stereo loop has rectangular shape after the closure and close to the ground truth, as shown in Figure 6 . On the other hand, outdoor SLAM solutions have been introduced including monocular, and stereo visual sensors. Figure 8 shows the results for the monocular SLAM solution for the outdoor environment with and without loop closure. Due to the wide field of view, there are more captured feature than the There is less loop deformation, which may be due to the wide field of view with more well distributed captured features. Figure 9 shows the Stereo SLAM trajectories for outdoor environment with loop closure (Figure 9(b) ) and without loop closure (Figure 9(c) ) compared to the outdoor ground truth loop ( Figure   9 (a)). The outdoor SLAM straight line is captured with several curves along the line to test the drift. The outdoor stereo SLAM results are shown in Figure 11 including the trajectory with and without loop closure and the surrounding environment. It is shown that the captured map has higher density than the indoor stereo SLAM map, due to the wider field of view.
The stereo outdoor SLAM solution results are shown in Figure 12 including the trajectory with and without loop closure compared to the ground truth. The loop deformation caused by loop closure constraints in the outdoor stereo SLAM is less than the indoor stereo SLAM loop deformation.
In addition, Figure 13 shows the outdoor results for the stereo line SLAM trajectory compared to the ground truth with the surrounding environment. The stereo line SLAM solution has a drift of 1.5% of the total line length.
The horizontal root mean squares error (RMSE) of the SLAM trajectories for Monocular, and stereo solutions are shown in Figure 14 . As shown in the results, the indoor results of the monocular SLAM are more precise than the outdoor. However, the outdoor results of the stereo SLAM are more precise than the indoor results by 30%, which a result of the small stereo baseline cameras. Figure 16 and Figure 17 show the vertical monocular localization error in in both the straight line and loop trajectories SLAM with the angular rotation around x-axis. It is shown that the angular rotation has a jump in the beginning which related to the monocular SLAM setup initialization which the camera was initially facing downwards towards the ground before being rotated to face the direction of movement. However, if we ignore the first few epochs of the trajectory the angular rotation will be corrected. On the other hand, the error in the vertical direction of the line increases in a linear pattern, which reach to 3.8% of the total trajectory length. In the loop SLAM results, the vertical error is less than the line as the trajectory turns the rotation angle changes its direction. However, applying the loop closure constraints doesn't improve the overall precision. The vertical SLAM localization results are shown in Figure 18 and Figure 19 for both line and loop trajectories, respectively. It is shown that the error in the stereo vertical localization line SLAM is 1.4% of the total trajectory which is almost 50% less than the monocular SLAM line results. The angular rotation in the stereo SLAM loop suffers from a jump in the beginning similar to the monocular SLAM system as both system's setup initialization causes this rotation. On the other hand, the error in the vertical loop SLAM localization is less than the results of the monocular SLAM results. Figure 20 shows the RMSE for the vertical localization component of mono- A comparison between RMSE of the horizontal and vertical localization components are shown in Figure 21 . Generally, the horizontal localization results are more precise than the vertical results, as shown in Figure 21 .
Conclusion
In this paper, SLAM system is introduced using monocular and stereo visual sensors. SLAM solutions are implemented in both indoor and outdoor. The SLAM samples have been taken in different modes such as a straight line that enable us to measure the drift in addition to the loop sample that is used to test the closure and its corresponding trajectory deformation. In order to verify the trajectory scale, a baseline method has been used. In addition, a ground truth has been captured for all the samples indoor and outdoor to measure the biases and drifts caused by the SLAM solution. Both monocular and stereo SLAM data have been captured with the same visual sensors which in the stereo situation had a baseline of 20.00 cm. It has been shown that, the stereo SLAM localization results are 75% higher precision than the monocular SLAM solution. In addition, the indoor results of the monocular SLAM are more precise than the outdoor.
However, the outdoor results of the stereo SLAM are more precise than the indoor results by 30%, which is a result of the small stereo baseline cameras. In the vertical SLAM localization component, the stereo SLAM generally shows 60% higher precision than the monocular SLAM results.
